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10 ABSTRACT

1 The spectropolarimetric inversion of vector magnetic fields faces a well-known problem of 180-degree am-

12 biguity in the azimuth angle. Traditionally, this challenge is tackled by minimizing a target function, such as

13 the divergence of the magnetic field within a single layer. On the other hand, the geometric height of a single

14 optical depth layer is usually not a flat plane, known as the Wilson depression in the sunspot. The technique
15 of solving this height is limited. We introduce a novel approach using the Physics-Informed Machine Learning

16 technique to solve the divergence-free equation of the magnetic field across multiple optical depth layers, while

17 simultaneously estimating the geometric heights of these layers. Our approach has been tested on magnetohy-

18 drodynamic simulations of both quiet Sun, plage region, and sunspot, effectively recovering the horizontal field

19 orientation on pixels with strong magnetic fields. By combining the disambiguated vector magnetic field with
20 the estimated geometric heights, our method can reconstruct the three-dimensional vector electric currents in

21 the solar photosphere.

22 Keywords: Solar atmosphere (1477) — Solar photosphere (1518) — Solar magnetic fields (1503) — Computa-

23 tional methods (1965) — Convolutional neural networks (1938)

24 1. INTRODUCTION as fer by 180 degrees. This introduces uncertainty to the vector

25 Solar magnetic field measurements are one of the major
26 and challenging tasks in the solar atmosphere diagnostic. The
27 magnetic field dominates many phenomena and is the energy
2s source for many activities in the solar atmosphere, like solar
29 flares, coronal mass ejections, and coronal heating. The mea-
30 surements are usually done in the lower solar atmosphere,
a1 like the photosphere and chromosphere, which could pro-
32 vide a bottom boundary for analyzing those activities. The
33 measuring technique of the vector magnetic field in the solar
34 photosphere is usually based on the inversion of the spec-
35 tropolarimetric data (del Toro Iniesta & Ruiz Cobo 2016;
3 Bellot Rubio & Orozco Suarez 2019). However, these in-
a7 versions intrinsically inherent a 180-degree ambiguity of the
s azimuth angle (Harvey 1969), i.e., two possible choices dif-
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magnetic field for further analysis, like the extrapolation of
the field into the corona, flare forecast, data-driving simula-
tion, electric current, flow computations, energy, and helicity
flux (Wiegelmann & Sakurai 2021; Bobra & Couvidat 2015;
Kusano et al. 2020; Jiang et al. 2016; Kazachenko et al. 2014;
Liu & Schuck 2012).

Various methods have been proposed for the disambigu-
ity task in the past decades. For example, the Acute Angle
Method and its improved version compare the observed field
to an extrapolated field, like the potential field or the linear
force-free field, to determine the orientation of the transverse
field (Wang 1997; Wang et al. 2001; Moon et al. 2003). An
interactive utility AZAM software for the HAO/NSO Ad-
vanced Stokes Polarimeter (Elmore et al. 1992) minimizes
the angle between neighbor pixels. The Non-potential Mag-
netic Field Calculation (NPFC, Georgoulis 2005), requires
the computation of a proxy electric current density, whose
first version degenerates with the potential field acute an-
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2 YANG ET AL.

ss gle method when applied to disk center observations and
the refined version NPFC2 was improved by implementing
with the parity-free absolute vertical current density (Semel
& Skumanich 1998). The Minimum Energy method (MEO,
Metcalf 1994) tries to minimize a function that contains the
residual divergence of the magnetic field and the electric cur-
rent by simulating an annealing process, and it is widely used
in many data pipelines, like the Helioseismic and Magnetic
Imager (HMI, Scherrer et al. 2012; Hoeksema et al. 2014;
Liu et al. 2017) and Hinode Solar Optical Telescope/Spectro-
Polarimeter (SOT/SP, Tsuneta et al. 2008) products. An
improved version with temporal evolution was proposed as
well (Barnes et al. 2018). More techniques and their per-
formance and comparison can be found in the technique re-
views (Metcalf et al. 2006; Leka et al. 2009b, 2012, and ref-
erence therein). Many of the above-mentioned methods as-
sume the magnetic field lies on a flattened plane, and some
of them even contain derivatives of the magnetic field, which
is valid when the computational plane is flattened, or the ver-
tical fluctuation is small compared to the transverse spatial
resolution in practice.

Meanwhile, straightforward methods for this problem have
been discussed. For example, the ambiguity of the inverted
transverse field can be solved by multi-view measurements
with at least 0.1 radians away from the Sun-Earth line (Judge
2019), which has been realized (Valori et al. 2022, 2023)
by coordinate observation from Solar Orbiter (SolO, Miiller
et al. 2020) and Solar Dynamic Observatory (SDO, Pesnell
et al. 2012). However, such observations are highly limited,
and their spatial resolution is not high enough to study the
small-scale structure, like the details in the quiet Sun gran-
ules and photosphere bright points. Also, a spectroscopic
method based on resonance line has been discussed (Landi
Degl’Innocenti & Bommier 1993), like Sr I 4607 A. How-
ever, as pointed by Judge (2019) such particular radiation
transitions might not happen in the photosphere, where many
magnetic field deducing is focused, and observing the polar-
ization signal from this line is difficult (Malherbe et al. 2007;
Bianda et al. 2018; Dhara et al. 2019; Zeuner et al. 2018,
2020, 2022, 2024).

With the operation of advanced huge ground-based tele-
scopes, like the National Science Foundation’s Daniel K. In-
ouye Solar Telescope (DKIST, Rimmele et al. 2020), high
spatially resolved observations have been provided (down to
0.03”). With the help of the large aperture (4 m) of DKIST
and excellent seeing condition at Haleakala, the high polar-
ized signals can be achieved (=~ 5 x 10~%, Rimmele et al.
2020; de Wijn et al. 2022; Jaeggli et al. 2022; Harrington
et al. 2023). More accurate and detailed physics information
in solar atmosphere can be obtained by applying the sophis-
ticated inversion techniques to DKIST observations. For ex-
ample, Stokes Inversion based on Response functions (SIR,
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110 Ruiz Cobo & del Toro Iniesta 1992), Departure coefficient

aided SIR (DeSIRe, Ruiz Cobo et al. 2022), Stokes-Profiles-
INversion-O-Routines (SPINOR, Frutiger et al. 2000; van
Noort 2012), HAnle and ZEeman Light (HAZEL, Asensio
Ramos et al. 2008), Non-LTE Inversion COde using the Lo-
rien Engine (NICOLE, Socas-Navarro et al. 2015), SNAPI
(Mili¢ & van Noort 2018), STockholm Inversion Code (STiC,
de la Cruz Rodriguez et al. 2019), and FIRTEZ (Pastor Yabar
et al. 2019) can provide the magnetic field information on
multiple optical depth layers, from where the spectral lines
provide strong response to the magnetic parameters.

It is worth noting that the inverted magnetic field by the
above-mentioned advanced techniques lies on the optical
depth layers rather than the geometric layers. The solar sur-
face with a certain optical depth is depressed in the sunspots
relative to the quiet Sun, which is known as Wilson depres-
sion (Wilson & Maskelyne 1774). Since the strong magnetic
field in the sunspot reduces the gas pressure and suppresses
convection, leading to a relatively low temperature and low
opacity. This depression also happened with high spatial re-
solved quiet Sun and the plage regions with strong magnetic
fields that are illustrated by state-of-the-art solar simulations
(see Figures 4 and 12 in Yang et al. 2024). Several meth-
ods to quantify this depression have been proposed based
on the force balance between pressure gradient, gravity, and
Lorentz force (Martinez Pillet & Vazquez 1993; Mathew
et al. 2004), which has been improved by implementing the
divergence-free condition of the magnetic field (Puschmann
et al. 2010). Furthermore, it has been shown that high accu-
rate magnetic field equipped with divergence-free condition
is enough to decode the Wilson depression (Loptien et al.
2018, 2020). On the other hand, with the help of magne-
tohydrostatic (MHS), some complex methods that combine
the Stokes inversion with the force balance can handle this
problem as well, like the FIRTEZ code and its application
of the Hinode observations (Pastor Yabar et al. 2019; Bor-
rero et al. 2019, 2021; Borrero & Pastor Yabar 2023; Borrero
et al. 2024). A more completed method that combines mag-
netohydrodynamics (MHD) and Stokes inversion is applied
to Sunrise/IMaX observation (Riethmiiller et al. 2017) that
can provide a full set of atmospheric parameters. Recently,
the Polarimetric and Helioseismic Imager (PHI, Solanki et al.
2020) onboard SolO provide a direct measurement of the
large-scale geometric height by doing stereoscopy technique
(Romero Avila et al. 2024). However, this method is based on
limited spacecraft missions. It is important to note that most
of the methods mentioned above require a disambiguated
vector magnetic field before decoding the geometric height.
Considering the difficulties of the aforementioned disambi-
guity techniques, it indicates that the ambiguity and the Wil-
son depression are closely tangled.
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SPIN4D II 3

Recent advancements in machine learning (ML) tech-
niques have demonstrated their utility in solar physics (Asen-
sio Ramos et al. 2023). A notable example is the Stokes In-
version based on Convolutional Neural Networks (SICON,
Asensio Ramos & Diaz Baso 2019) and its application (Este-
ban Pozuelo et al. 2024), which employs convolutional neu-
ral networks (CNNs) trained on Max-Planck University-of-
Chicago Radiative MHD (MURaM, Vogler et al. 2005; Rem-
pel et al. 2009) sunspot simulations (Rempel 2012) and syn-
thesized Stokes profiles to directly infer physical and geomet-
ric parameters, although it does not address the 180-degree
ambiguity. Despite its effectiveness, this supervised ML ap-
proach requires extensive computational resources due to the
large volume of simulations. Alternative methods that lever-
age the existing extensive results from conventional inver-
sion techniques in the solar physics community have also
been proposed as well (Higgins et al. 2021, 2022). Taking
a step forward, the Spectropolarimetric Inversion in Four Di-
mensions with Deep Learning (SPIn4D) project' leverages
solar atmosphere data of quiet Sun and plage regions from
MURaM simulations, encompassing a total of 110 TB of
data, and is developing an advanced ML model for analyz-
ing DKIST observed Stokes profiles, an overview of SPIn4D
can be found in Yang et al. (2024).

Supervised machine ML models benefit from data gen-
erated by advanced radiative MHD simulations. How-
ever, due to the lack of in-situ measurements of the solar
photosphere, these models may face the issues of out-of-
distribution (Hendrycks & Gimpel 2017).

Models trained by MURaM simulation will pre-
dict like a MURaM.?

Moreover, interpreting the trained neural networks presents
significant challenges (Zeiler & Fergus 2014), raising con-
cerns about their reliability when applied to real observa-
tions. Alternatively, when encoding the physics law into
the ML technique, a lot of new techniques to solve the
physics problem have been proposed (E & Yu 2018; Sirig-
nano & Spiliopoulos 2018; Lu et al. 2021; Hennigh et al.
2021), which is known as physics-informed machine learn-
ing (PIML, Karniadakis et al. 2021; Kashinath et al. 2021;
Hao et al. 2022; Wu et al. 2024, and references therein).
PIML can work with relatively small datasets while ensuring
that predictions obey the physical laws, i.e., solve the par-
tial differential equations (PDE). One of them is the physics-
informed neural network (PINN, Raissi 2018; Raissi et al.
2019). This approach facilitates inversion tasks and achieves
accuracy comparable to traditional computational fluid dy-
namics methods (Mao et al. 2020). Such methods have been

! https://ifauh.github.io/SPIN4D/
2 A comment from SHINE Workshop 2022.
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introduced into solar physics problems as well, which are
flexible for handling data from different instruments with dif-
ferent spatial resolutions (Jarolim et al. 2023, 2024a,b). Fur-
thermore, such architectures can seamlessly combine multi-
ple tasks simultaneously using surrogate models and custom
loss functions. However, the PINN architectures are usually
used for a surrogate model with respect to the spatial and
temporal coordinates and relatively less learning from the ob-
servational data patterns.

Resolving the resulting three dimensional (3D) data ambi-
guity resembles a data translation task, a common approach
in ML. The UNet model (Ronneberger et al. 2015), widely
used for image segmentation and translation and integral to
generative artificial intelligence models (Isola et al. 2017; Ho
et al. 2020), is well-suited for such tasks. Since the mag-
netic field parameters derived from Stokes profiles with ad-
vanced inversion techniques span 3D, two spatial dimensions
from the field-of-view (FOV), and one from optical depth.
Utilizing the 3D UNet model, UNet3D (Cicek et al. 2016;
Wolny et al. 2020), combined with physics-informed con-
straints, particularly the divergence-free condition, crucial
for both disambiguation (Metcalf 1994) and Wilson depres-
sion (Loptien et al. 2018), might provide an alternative way
for addressing the two tangled challenges, i.e., 180-degree
ambiguity and geometric height estimation, without relying
on a specific numerical simulation model.

In this paper, as the second paper of the SPIn4D project, we
propose anovel method, Haleakala Disambiguation
Decoder (HDD), based on the PIML technique that can
solve the 180-degree ambiguity of the transverse field and
the associated geometric height from multilayer inversion at
the same time. It is accessible on GitHub’. The paper is or-
ganized as follows. Section 2 presents the design of the net-
work and training process. Section 3 presents the test of this
technique and a comparison with the conventional method.
Sections 4 and 5 present the discussion and summary.

2. METHOD
2.1. Model and Encoding the Physics

Our network architecture integrates two UNet3D models
based on the ResidualUNet 3D module (Lee et al. 2017)
from the pytorch-3dunet package (Wolny et al. 2020).
Each model consists of 4 layers with feature maps of 64, 128,
256, and 512 channels, respectively. Hereafter, “UNet3D”
refers to the ResidualUNet 3D module. The first model,
UNet3Dp, is tasked with disambiguating the magnetic field,
while the second, UNet3D z, predicts geometric heights. The
models process five-dimensional input data. The initial two
dimensions correspond to the batch and channel sizes of the

3 https://github.com/Kai-E- Yang/HDD
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4 YANG ET AL.

data. Specific details regarding the batch size will be pro-
vided in Section 3. We define the channel size as six to
encompass the components of ambiguated magnetic fields
and an initial estimate of geometric height. One channel
refers to the vertical magnetic field, and four channels re-
fer to the transverse field components modulated into [0, 7]
and [—7/2,7/2]. The final three dimensions of the input
represent spatial coordinates z, y, and z. The outputs from
UNet3Dg and UNet3D 7z consist of three channels for the
magnetic field and one channel for the geometric height, re-
spectively. Thus, each batch of training data yields predic-
tions for both the magnetic field (B ;jx, By,ijk» Bz ;%) and
geometric height Z;;,, where 4, j, and k indicate the pixel
indexes along Z, ¢, and Z directions.

A difference between the predicted magnetic field and the
input ambiguated magnetic field is included in the custom
loss function.

B d— B input)?
lossp, = mean(< e - ) ), (1)
Bz,input +10
2 2 2 2 2
(Bz,pred + By,pred - Bz,input - By,input)

lossp, = mean(
t 2 2 —8
Bm,input + By,pred +10

2

where we only measure that for the vertical and transverse
magnitude without ambiguity. The small numbers 10~ in
the denominator are added for numerical stability.

Since the 180-degree problem of azimuth angle, the cor-
rect predicted transverse magnetic field should be parallel
or anti-parallel to the input transverse magnetic field. This
property will be protected by minimizing the square of the
cross-product between the two transverse fields,

loss = mean(
parallel —
‘Binput|2 + ]-0 8

3)

Apart from the regulation by the input magnetic in magni-
tude and parallization. We also integrate the divergence-free
condition, V - B = 0, into our custom loss function. This ap-
proach ensures that the training process specifically targets
minimizing the net magnetic flux residuals across each grid
cell within the predicted dataset, described in the following
details.

The predicted dataset has the same dimensions as the in-
put, so each pixel contains a predicted vector magnetic field
and a geometric height. Since the data is observed from a
specific FOV, the transverse coordinates are predetermined:
Xijk = 1Az + Xmin and Yij, = jAT 4 Yy, where Az
and Ay refer to the spatial size in & and ¢ directions, respec-
tively. Therefore, each mesh cell contains eight nodes: 7 ; x,

Tit1,5,k> Tij+1,k> Tit1,54+1,k> Ti, 5, k+15 Ti4+1,5,k+15 Ti,j4+1,k+15

2
(Bgc,predBy,input - By,prengc,input) )
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and 7j41,j+1,k+1, Wwhere 7 indicates the pixel coordinate vec-
tor, as illustrated in Figure 1. We calculate the net magnetic
flux across all surfaces of each cell, and the mean value of
these net fluxes over the entire dataset serves as a measure of
the divergence-free quality. This mean flux is added to the
custom loss function, and by minimizing it, we achieve the
desired disambiguated magnetic field.

The surfaces of each cell shown in Figure 1(a) can be clas-
sified into three groups: lateral surfaces (transparent yellow),
top surfaces (red), and bottom surfaces (blue). The lateral
surfaces are denoted as

Si,

(Ti,j,kv Ti+1,5,k> Ti4+1,5,k+1, Ti,j,k+1),
S12 =(Fit1,j.k> Tit1,54+1, k> Tit1,j41,k+1s Tit1, 5. k+1)

= Ti,j+1,k,7“i,j,k,T’i,j,k+1,7"i,j+1,k+1)~

1

<

11
S1,3 =(Ti 1,541,k Ti j 1k Ti b Lk41s Tit1,j41,k+1),
Sia
The top surfaces as

Stop,t =(Ti k415 Tid 1,4,k+1, Tig1,541,k41)5

Stop,2 =(Tij k415 Tidt 1,4 1k+1> Tij41,k4+1)-

The bottom surfaces as

Sbottom,1 =(Ti j.ks Tit1,5.ks Tit1,j4+1,k)
Sbottom,2 =(T5,j,k> Tit1,j41,ks Tij+1,k)-
The area of these four lateral surfaces, A(surface), can be
easily computed,
A(S11) = 0.5A2(Zi j k11 — Zijk
+Zit1 k1 — Zig1,5,k),
A(S12) = 0.5AY(Zit1 jk+1 — Zit1,j
+Zit1,j+1,k41 = Zit1,j4+1,k);
A(S13) = 0.5A%(Zi 11 j41,k+1 — Zig1,j+1,k
+Zij+1,k+1 — Zij+1,k),
A(S14) = 0.5AY(Zi ji1 041 — Zijr1k
+Z; i1 — Zijk)-
The magnetic fluxes across these four lateral surfaces are,
Flux(Su) = 0.25A(Sl71) X (Byﬂ"j,k + By,i-‘,—l,j,k
+By,i+1,j,k+1 + By,ijk+1)
Flux(Sl’g) = 02514(51’2) X (Bz,iJrl,j,k: + Bm,i+1,j+1,k

+Byi1,j+1,k+1 + Bait1,j,k+1)
Fluz(S),3) = 0.25A(S1,3) X (By,i+1,j+1,k + By,ij+1,k

+By,ij+1,k+1 + By it1,j+1,k+1)
Flux(SlA) = 0-25A(Sl,4) X (Bacﬂl,j+1,k + Bk
+Buijk+1 + Beijr1k+1)-

Calculating the fluxes across the top surfaces is somewhat
complex because the two triangles forming these surfaces are
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i+1,j+1,k+1]7

Figure 1. Panel (a) and (b) show the cell structure and the projected surface for the top surface, respectively.

a2 not necessarily coplanar, the same complexity applies to the
a3 bottom surfaces. We choose to project the two triangular sim-
s« plices of the top and bottom surfaces onto planes perpendic-
ass ular to , ¢, and 2 rather than projecting the vector magnetic
ass field onto the normal direction of the irregular triangle sur-
a7 face. This allows the fluxes across them to be computed as
ass the sum of the flux from each component. An example of the
a9 top surface is presented in Figure 1(b). The projected areas
as0 on the Z-perpendicular plane are

31 Ay (Stop,1) ZO'SAy(Zz{+1,j,k+1 - Zz{,j,k—Q—l)a
352 Az(Stop,2) :O'SAy(Zl{,j+1,k+1 - Zz(+1,j+1,k+1)'

3!

@

s Those on the g-perpendicular plane are

1! 1
354 Ay(Stop,l) :0~5A$(Zi+1,j,k+1 - Zi+1,j+1,k+1)a

355 Ay(Stop,2) :0'5A1‘(Zz{:j,k+1 - Zz{:j+1,k+1)7

s Where the superscripts ' and ” indicate variables projected
ss7 onto the Z- and y-perpendicular planes, respectively. The

sss projected areas on the Z-perpendicular plane are

il

359 Az(Stop,l) :0.5AxAy7
360 Az(StopQ) :O.5AxAy.

31 Therefore, the fluxes are

362 FZU.’L’(StOp’l) = Am(Stop,l) X (Bz,i,j,k+1+

363

364

365

366

367

368 FZUZL’(StOp’Q) = Ax(Stop,Q) X (Bz,i,j,k+l+

369

370

371

372

373

Beiv1,j k1 + Bait1,j+1,k+1)/3

+ Ay (Sto

p1) X (Byijk+1t

Byit1,jk+1+ Byitr1j+1,641)/3
+ A.(Stop,1) % (B ijk+1+

B.it1jk+1 + Bzit1,j+1,k41)/3,

Beit1,j+1,k+1 + Baijr1,6+1)/3

+ Ay (Sto

p.2) X (Byijk+1t

By it1,j+1,k+1 + Byij+1k+1)/3
+ Az (Stop,2) X (Baijk+1+

B.it1j41,k+1 + Beijrikt1)/3.

a7+ The fluxes on the bottom surfaces can be computed similarly,

a7s but their surface normal orientations are reversed compared

aze to those of the top surfaces. Finally, we compute the total
a7 flux of each cell as

s Flux, =[Fluz(S;1) + Fluz(S;2) + Fluz(S)3)

379 +Fluz(S;.4) + Fluz(Siop,1) + Fluz(Siop,2)

380 +Flux(sbottom,l) + Flux(sbottom,Q)]'

381 The final loss flux is

as2 [0884:, = mean(

Fluz?

avg(By)? + avg(By) + avg(B.)* + 1073

“

);
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Figure 2. Panel (a) presents the UNet3D structure reproduced based on Figure 2 in Cicek et al. (2016). Panel (b) shows an example of the
3D data split with overlap that prepares the input data for training. Panel (c) presents the flowchart for training the model. The inputs are the
3D ambiguity magnetic vector field and an initial guess of geometric height. The UNet3D g predicts the vector magnetic field, and UNet3D »
provides the geometric height. They are collected to compute the custom loss function with physics law encoded as shown in Equation 6.

ae7 dicted geometric height in the custom loss function,

l smooth — Z - di Z 2 ; 5
where avg(-) represents the average function across the eight . 058 n = mean(| median(Z)[) ©)

nodes in one cell. The small number 10~® added in the de-
nominator enhances numerical stability. To enhance train-
ing stability, we introduce an additional function, denoted
as lossgiy,0, Which approximates the net residual flux across
each cell. This function is similar to Equation 4, but applies
a fixed thickness based on the average MURaM simulation 1088 mon = max{0, —(6Z — 6 Zpmin)},
value of 7.2 km. We tested this parameter with various val-
ues and found the results to be insensitive to changes. The 4
contribution from this term is minimized after a certain train- 40
ing epoch by reducing its weight to a negligible value, as 05 thickness value from the MURaM quiet Sun simulation, with
detailed in Section 2.2. s07 the thickness of 67 = 0.1. By preventing this term from
Moreover, in order to make the predicted 3D geometric 48 being positive, the monotonousness of Z can be kept. We
smooth, we added an additional 3D median filter in the pre- s will always set a very large value for its weight.

where we use a kernel size of 5 pixels.

Since the direct predicted geometric height should keep a
monotonous increase in Z direction. In this way, we manually
add a loss term,

39

©

400

=3

IS
2

40:

o

b

where Z; j 1, = Z; j.k+1 — Zi,jk the thickness of the optical
depth layers, § Z,,,;, = 1.1 km is a predetermined minimum
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Figure 3. Panels (a)—(c) present the vertical components of the magnetic field, B., lay on log,, 7 = —1 layers for the quiet Sun, plage region,
and sunspot cases that used to test. The panels (d)—(f) indicate the corresponding subset test in Section 3.
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Quiet Sun Disambiguation Results
B, [G] ® [rad]
100 -100 0 100 -2.5 0.0

b

| Ground Truth

HDD Results
MEO Results
X [Mm] X [Mm] X [Mm]
Figure 4. Disambiguation results for the quiet Sun test on log,, 7 = —1 layers, the same region as Figure 3(d). Columns, from left to

right, show disambiguated B, By, and azimuth angle ®. Rows, from top to bottom, present the ground truth, HDD results, and MEOQ results,
respectively.



412 The weight value for each loss term is discussed in Section
413 3
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Plage Region Disambiguation Results
By [G] By [G] ® [rad]
—-200 0 200 —-200 0 200 =25 0.0 2.5

Ground Truth

HDD Results

10
X [Mm] X [Mm] X [Mm]

Figure 5. The same as Figure 4 but for the plage region dataset that shown in Figure 3(e).

The final custom loss function is, 415 To train the model with magnetic field data from Stokes
#16 inversion, we partition the dataset into smaller, overlapping

loss = wp_lossp, + wp,lossp, 417 patches of size 96 x 96 x 32 pixels. An overlap of 16 pix-

+ Wparaetl0SSparailel + Wainl08Sdiv a8 els is introduced along both the z- and y-dimensions be-

©) s tween neighboring patches to maintain spatial continuity and

420 capture features that extend across patch boundaries. This
1 overlapping strategy ensures that important spatial informa-
s22 tion is preserved, enabling the model to learn both local and
423 global patterns effectively. This overlapping split strategy is
424 widely used when training a UNet model (Ronneberger et al.
a5 2015; Cicek et al. 2016; Isensee et al. 2021). The overlapped

+ wdiv,Olossdiv,O + wsmoothlosssmooth

+ Wimonl0SSmon - .

N

2.2. Training Strategy
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Sunspot Disambiguation Results
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Figure 6. The same as Figure 4 but for the sunspot dataset that shown in Figure 3(f).

426 patches are then aggregated into batches for network train-
s27 ing, which enhances the model’s ability to capture variations
s2s in magnetic fields and generalize better to unseen data. This
a29 process is illustrated in Figure 2(b).

430 Two neural network models, Unet3Dp and Unet3D, are
s31 trained simultaneously to address both the ambiguity and ge-
s32 ometric height. During each training epoch, these models
33 generate predictions by processing the input data through
s34 their respective network architectures. Multiple loss com-
35 ponents, as outlined in Equation 6, are computed for each
a3 model to capture various training objectives, including data
s37 fitting accuracy, regularization terms, and adherence to phys-

438 ical constraints intrinsic to the domain. The weight value for
439 each loss term is summarized in Table 1.

40  Backpropagation (Rumelhart et al. 1986) is employed to
41 compute the gradients of the total loss with respect to the
42 model parameters. Before the optimizer updates the parame-
443 ters, an adaptive gradient clipping technique is applied. This
444 method scales and clips the gradients to prevent issues like
45 exploding gradients, ensuring numerical stability and more
a6 reliable convergence during training. It maintains an expo-
47 nential moving average (EMA) of gradient values, which al-
s lows for adaptive clipping thresholds based on the historical
49 behavior of the gradients. First, a norm-based clipping scales

i

i
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A®, Angle difference between HDD prediction and ground truth
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Figure 7. The top row displays the distribution of azimuth angle differences between the HDD prediction and ground truth in polar plots, with
radius indicating transverse magnetic field strength. From left to right, the plots represent the quiet sun, plage region, and sunspot, respectively.
The subsequent rows show the azimuth angle recovery rate for both HDD and MEO results as a function of transverse field strength. The red
dash-dot line represents the pixel counts within the horizontal bins corresponding to the values of | B;|. The black solid, dashed, dash-dot, and
dotted lines indicate the 100%, 90%, 80%, and 50% correct recovery rate, respectively.
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Figure 8. Geometric results for the QS region. Panels (a) and (b) present the true and predicted height values on the log,, 7 = —1 layer. Panels

YANG ET AL.

X=5.6 Mm Vertical Cut

Y=12.9 Mm Vertical Cut

(c)—(f) show vertical height cuts across the optical depth range log,, 7 = 0 to —3.1, with color representing the B distribution. Dashed black
lines indicate log,, 7 values of —0.5, —1, —1.5, —2.0, and —2.5. Panels (c) and (e) display ground truth at vertical cuts X = 5.6 Mm and
Y = 12.9 Mm, respectively, while (d) and (f) show the corresponding predictions.
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Figure 9. The same as Figure § but for the plage region results.
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Figure 10. The same as Figure 8 but for the sunspot results.
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Figure 11. 2D histogram of predicted vs. true heights, Zp,eq and Z7y... Panels (a)—(c) show results for quiet Sun, plage region, and sunspot,
respectively. Red and blue dashed lines denote the identity and best linear fit (using | B:| as the weighting factor.), and R marks the Pearson
correlation coefficients for each case.



SPIN4D II 15

Electric Current in Quiet Sun, Ground Truth vs. Prediction
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Figure 12. Columns from left to right show the x-, y-, z-components, and the absolute value of the electric current in the quiet Sun. Panels
(a)—(d) and (e)—(h) display the top view of the electric current on the log,, 7 = —1 layer of the ground truth and predictions, respectively.
Panels (i)(1) and (m)—(p) present the electric current distribution on the true and predicted vertical cuts at Y = 12.3 Mm, indicated by the white
dashed line in panel (d).
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Table 1. HDD Weight Values

Weight Value
wa, 108
wB, 107
Wparallel 1010
Wdiv 108
waivo®  (10° = 1) x 0.5 x (tanh(10 x (2" _ 0.5)) 4+ 1) + 1
Wsmooth 104
wmomb 10%°
NOTE—

%The weight value drop from 10° to 1, the total training take 20,000 to-
tal epoches. It is the weight value corresponding to the term l0sSdiv0,
which is used as a rough estimation of the residual flux used for sta-
bilizing the training. Therefore, we signed a large weight at the initial
training and dropped to 1.

b This weight controls the monotonous property by [0SSmon, Which is
naturally needed for the prediction; thus, we signed a very large value
for it.

o gradients if their norm exceeds a threshold proportional to
ss1 the parameter norm. Then, a value-based clipping with EMA
ss2 clips gradient values based on an adaptive maximum gradient
453 value computed from the EMA of past gradient magnitudes.
s« After gradient clipping, the AdamW optimizers
as5 (Loshchilov & Hutter 2019) update the model parameters
as6 using the computed gradients. The AdamW optimizer is an
ss57 extension of the Adam optimizer (Kingma & Ba 2015) that
sss includes decoupled weight decay regularization, helping to
sse prevent overfitting by penalizing large weights.

w0 The learning rates for these optimizers are managed
by torch.optim.lr_scheduler.StepLR schedulers,
a2 which adjust the learning rates according to a predefined
a3 schedule. The learning rate is initialized at 102 and decays
s« by a factor of 0.5 every 2000 epochs throughout the training
a5 process, which spans a total of 30,000 epochs. This step-wise
a6 learning rate schedule allows for larger learning rates during
the initial phases of training to facilitate rapid learning and
a8 exploration of the parameter space. As training progresses,
s the reduction in the learning rate enables finer adjustments to
470 the model parameters, promoting convergence and helping to
avoid overshooting minima in the loss landscape.

sz By integrating adaptive gradient clipping with dynamic
473 learning rate scheduling and advanced optimization tech-
a74 niques, the training process effectively balances stability and
efficiency. This approach ensures that the models not only
a76 fit the training data well but also generalize effectively while
477 adhering to the necessary physical constraints of the problem
47s domain.
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3. TEST

To assess the performance of this method, we applied it
to MURaM simulated photospheres, specifically to the quiet
Sun, plage region from the SPIn4D dataset (Yang et al. 2024)
(transverse spatial resolution dx = 16 km), and a sunspot
from Rempel (2012) (spatial resolution dz = 32 km). Fig-
ure 3(a)—(c) displays the B, distribution on the log;, 7 = —1
layers for these three cases. For each case, a small sub-region
within the FOV is selected (shown in Figure 3(d)—(f)), using
optical depths ranging from log;, 7 = 0 to —3.1 with a sam-
pling of 0.1. These regions are large enough to encompass
multiple granules in the quiet Sun and plage regions and in-
clude portions of the umbra and penumbra in the sunspot.

The HDD code was applied to all three cases, using MEO
as a baseline for comparison on the same dataset, with pa-
rameters listed in Table 2. Most settings are left at default,
except for the bthresh parameter. Originally intended as
a threshold for transverse field strength, bt hresh activates
the nearest-neighbor acute angle method in weak magnetic
field regions; however, it was deactivated (set to zero) to
enable a fair comparison with the annealing method. For
improving accuracy, the cooling rate was set to t factr=
0.999, enabling a gradual annealing process.

Figures 4, 5, and 6 show results for the quiet Sun, plage
region, and sunspot, respectively. Each figure presents the
disambiguated transverse field and azimuth angle on the
log,y 7 = —1 surface, comparing ground truth, HDD, and
MEQO outputs.

The panels in the first row of Figure 7 provide a statis-
tical analysis with 2D histograms of the angle difference,
AP = @,,.q — Ptrye versus transverse magnetic field mag-
nitude for each case. It is clear that most pixels cluster around
zero degrees, indicating a close match between predicted and
true angles. From the second to the last rows of Figure 7, we
assess the correct recovery rate distribution across transverse
magnetic field strengths as the ratio of pixels with an abso-
lute angle difference below 90 degrees (|A®| < 90°) to the
total number of pixels in each bin. The total number of pixels
in each bin for each case is present as the red dash-dot lines.
The correct recovery rates from MEO outputs are also shown
for comparison (orange lines). For the quiet Sun and plage
regions, recovery rates exceed 90% when |B;| > 3 G and
|Bt| > 7 G, respectively, while MEO shows relatively lower
rates. In the sunspot case, where the magnetic field is gener-
ally stronger, the disambiguation performance is comparable
between HDD and MEQ.

Figures 8, 9, and 10 show predicted and true geometric
heights for each case, including both top views and vertical
cuts from selected slices. To eliminate the impact of constant
shifts along the 2 direction, both predictions and true values
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Electric Current in Plage Region, Ground Truth vs. Prediction
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Figure 13. The same as Figure 12 but for the plage region results.
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Electric Current in Sun Spot, Ground Truth vs. Prediction
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Figure 14. The same as Figure 12 but for the sunspot results.
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Figure 15. 2D histogram comparing ground truth and predicted electric currents. Columns from left to right show the x-, y-, z-components,
and absolute current magnitude, while rows from top to bottom represent results for the quiet Sun, plage region, and sunspot, with Pearson
correlation coefficients specified for each case. Red and blue dashed lines denote the identity and fitted lines, respectively.

are re-centered, setting the median height of the log,, 7 = 0
layer to zero. The height distributions from log;, 7 surfaces
of —0.5, —1, —1.5, —2.0, and —2.5 are represented by black
dashed lines in panels (c)—(f) of Figures 8, 9, and 10.

Figure 11 presents 2D histograms comparing predicted and
true geometric heights for each case. Pearson correlation co-
efficients are 0.98, 0.93, and 0.96 for the quiet Sun, plage
region, and sunspot, respectively. A |B;| weighted least-
squares linear fits are presented as blue dashed lines.

The vector electric current J = V x B (neglecting the con-
stant ¢/4) is calculated using the predicted magnetic field as
a reference field to disambiguate the azimuth angle and the
predicted geometric height. Specifically, the predicted az-
imuth angle ®,,,..4 is used to determine whether to flip ®,;
if the absolute difference exceeds 90 degrees, 180 degrees is
added to ®,;,. Figures 12, 13, and 14 present comparisons of
the predicted and true vector electric currents for each case.
Panels (a)-(h) display distributions on the log,, 7 = —1 sur-
face, while panels (i)—(p) show distributions on the vertical
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slice indicated by the white dashed line in panel (d). Fig-
ure 15 provides 2D histograms comparing each vector com-
ponent and absolute magnitude for each case, with a linear
fit performed in log-log space. Pearson correlation coeffi-
cients for the log, absolute values are noted for each case.
All correlations are at least 0.9, with 2D histograms showing
concentration along the identity line, y = z. Similar compar-
isons of the Lorentz force are shown in Figures 16, 17, and
18. The statistic 2D histogram comparison indicates that the
force can be reconstructed as well.

A summary of results across all cases is provided in Ta-
ble 3.

4. DISCUSSION
4.1. Model and Training

Our proposed method is based on the UNet3D architec-
ture, effectively handling the three-dimensional data struc-
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Lorentz Force in Quiet Sun, Ground Truth vs. Prediction
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Figure 16. The same as Figure 12 but for the Lorentz force distributions.
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Lorentz Force in Plage Region, Ground Truth vs. Prediction
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Figure 17. The same as Figure 13 but for the Lorentz force distributions.
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Lorentz Force in Sun Spot, Ground Truth vs. Prediction
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Lorentz Force, Ground Truth vs. Prediction
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Table 2. MEO parameters

Parameter Value Parameter Value
irflag 0 nerode 0
ibflag 0 ngrow
iaflag 04 iaunit 1
igflag lb ipunit 0
ipflag 0 incflag 0
npad 200¢ iseed 1
nap 10 iverb 1
ntx 10 neq 20
nty 10 lambda 1
athresh tfacO 2
bthresh 0 tfactr 0.999d
NOTE—

%The direction of zero azimuthal angle is
along positive Z.

b The computation is done on a planar.

€The number of pixels added to each side of
the field of view.

dThe cooling rate for the annealing.

Table 3. HDD Performance

HDD (%)* ME0 (%) Z®P TRS F®Y
Quict Sun 93.7 694 098 098  0.99
Plage Region 93.8 84.0 0.93 0.96 0.99
Sunspot 99.9 99.3 0.96 0.97 0.96
NOTE—

%The ambiguity recovery rate for HDD’s results is calculated by using
the angle of the transverse field predicted by HDD as the reference. A
pixel is considered correctly resolved if the predicted angle falls within
90 degrees difference from the ground truth.

bPearson correlation coefficient of the predicted and true geometric
heights.

€ Pearson correlation coefficient of the predicted and true magnitude of
vector electric current.

dpearson correlation coefficient of the predicted and true magnitude of
Lorentz force.

YANG ET AL.

ses and correlations within the data. This enables the model to
ses adapt directly to various solar magnetic field configurations.
s One of the significant advantages of our approach is the
incorporation of a custom loss function that encodes the
divergence-free condition via computation of the residual net
s73 flux for each mesh cell. Rather than relying on paired in-
s74 put and target data, the model self-regulates through con-
s75 straints directly embedding this physical law into the train-
s76 ing process, enabling the prediction from the model to in-
s77 herently satisfy the divergence-free condition, transforming
s78 training into a “self-supervised” task. This “self-supervision”
enhances the model’s ability to generalize to unseen data
ss0 and reduces dependency on large, labeled datasets, making
it more adaptable and robust in handling diverse solar mag-
ss2 netic field configurations.

sss  However, this flexibility introduces the disadvantage of
multiple hyperparameters within the custom loss function
ses of this method, adding complexity to the training process.
sss The performance of the UNet3D in this task is sensitive to
se7 hyperparameter settings such as weight values listed in Ta-
sss ble 1, learning rates, regularization coefficients, batch sizes,
sss and network architecture parameters (e.g., number of layers
seo and channels). Optimizing these hyperparameters requires
careful tuning and can be computationally intensive. All
se2 the values used for training in this paper are selected after
se3 @ massive test. In our work, the training process is somewhat
se4 complex due to the need to balance various loss functions in
Equation 6, like incorporating physical laws and regulation
se6 Of the magnetic field. The weight values controlling these
se7 loss terms are not fully explored and require further investi-
gation to fully understand their impact on the model’s per-
se9 formance. Future research could focus on systematically ex-
ploring the hyperparameter space using techniques like grid
search or Bayesian optimization to achieve optimal results.
ez It is worth noting that we primarily employ the
603 ResidualUNet 3D module in our work and have not suffi-
ciently tested it with different layers and channels, we cannot
eos rule out the possibility that other architectures may provide
eos better performance.

ez Considering its application to real observations, a critical
eos aspect of our method is the need for highly accurate polariza-
e0o tion signals and high spatial resolution. As illustrated in Fig-
st0 ure 7, the azimuth angle correct recovery rate increases with
the transverse magnetic field strength, which relies on the
12 spectropolarimetric inversion of the observed linear polariza-
tion signal. Additionally, because we use net flux across each
e14 small mesh grid cell, smaller cell scales improve the accu-
15 racy of this discrete numerical divergence-free approxima-
et6 tion. Consequently, this model is well-suited to take advan-

57

57.

N

57

©

58

58

=

59

59!

@

59

®

60

=3

60

60:

=

61

61

@

se+ tures inherent in spectropolarimetric inversions (two spatial
ses dimensions along the FOV and one in optical depth). By
ses employing a learnable model, we leverage the capability of
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tage of the capabilities of large ground-based telescopes like
DKIST and the future European Solar Telescope (Quintero
Noda et al. 2022).
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Furthermore, the “self-supervised” nature of this method
enables flexible application: it can be used directly on data
without pre-training, pre-trained on simulations or pre-exist
observations and fine-tuned with new observations, or pre-
trained on simulations and applied directly to observational
data. By treating the training process as the gradual solv-
ing of a PDE for each specific input dataset. This method
inherently avoids overfitting a specific dataset, enabling it
to perform well even with small datasets, such as the 16 or
36 patches used in our tests. As detailed in Appendix A,
the models pre-trained in Section 3 are directly applied to
data outside the FOV of the test datasets, demonstrating their
adaptability.

4.2. Disambiguation Performance

Compared to conventional methods like MEOQ, in which we
only work on numerical annealing algorithms without em-
ploying nearest neighbor acute angle methods in weak field
regions. Our approach demonstrates improved performance
in the experiments outlined in Section 3. As shown in Fig-
ure 7, the HDD method achieves nearly 100% correct recov-
ery rate of the azimuth angle in strong transverse fields and
maintains a high recovery rate even in weaker fields, from
quiet Sun to sunspot. For quiet Sun and plage fields around
1 G, and sunspot fields of several hundred Gauss, approxi-
mately 80% of pixels correctly predict the azimuth angle ori-
entation (|®preq — Prruel < 90°). In sunspots, the pixel
number distribution differs significantly (red dash-dot lines
in Figure 7), with pixels decreasing by about three orders of
magnitude from strong to weak field areas. This imbalance
in training samples, with fewer weak field examples, results
in larger fluctuations in the correct recovery rate compared
to quiet Sun and plage regions in the relatively weak field
region.

Traditional techniques like MEO resolve the 180-degree
ambiguity by minimizing terms such as >_(|J,|+V-B), with
0. B, typically approximated using a potential field based
on the inverted LOS field, B, (Leka et al. 2009a). In con-
trast, our PIML method integrates the divergence-free condi-
tion directly and self-consistently into the learning process.
This approach enables more accurate disambiguation across
multiple optical depth layers simultaneously without relying
on 0, B, from the potential field computation and assuming
minimization of the vertical component of the electric cur-
rent, a constraint that lacks clear physical justification.

In our approach, the divergence-free condition is approxi-
mated by calculating the residual net flux across each mesh
cell, allowing for easy implementation on an irregular grid
with corrugated top and bottom surfaces, shown in Fig-
ure 1(a). This feature in the HDD method overcomes the
challenges of computing numerical transverse derivatives on
a corrugated plane caused by depression, including not only
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the Wilson depression in sunspots but also those caused
by strong magnetic fields in regions like the quiet Sun and
plages, resulting in a more physically consistent solution.
Notably, we do not use a flipping mask in the network pre-
diction, which will cause the training/solving to blow up. In-
stead, we leverage (anti-)parallelization by incorporating the
square of the cross-product between the predicted and am-
biguous transverse magnetic fields, where both parallel and
anti-parallel alignments yield a zero value. This term (Equa-
tion 3) stabilizes and smooths the training/solving process.

Notably, the training requires tens of thousands of epochs,
significantly more than conventional UNet training. In our
test cases in Section 3, using two V100 GPUs, each case took
approximately 750 minutes, compared to around 250 minutes
per case with MEO. However, the fully parallelizable design
of the PyTorch-based HDD method allows for significant ac-
celeration when leveraging more GPUs.

Since we test the code with different magnetic environ-
ments, including the quiet Sun, plage regions, and sunspots,
they present different magnetic field patterns and strength
distributions. The tests evidence that this method can work
on different magnetic field features and different spatial res-
olutions and even work with noise input (see Appendix B).

4.3. Geometric Height

Analysis of the predicted geometric height across optical
depth layers reveals that lower layers, such as layers be-
low log,, 7 = —1.5, yield more accurate predictions, while
higher layers, particularly log;, 7 = —3.1, appear smoother
in the quiet Sun and plage regions (see Panels (c)—(f) in Fig-
ures 8 and 9). Although predictions for sunspot cases are
sharper, they still lack the very sharp shape sticking out from
the surface shown in the ground truth (Figure 10(c)—(f)). This
smoothing effect likely results from the specific form used in
the custom loss function (Equation 4), where a fourth power
in the numerator and squared magnetic field terms in the de-
nominator prioritize stronger field regions, yielding more ac-
curate solutions.

Overall, the comparisons demonstrate a strong alignment
between predictions and ground truth, although the align-
ment is slightly reduced in the rebinned noisy dataset test
(Figure 22). Extensive testing of alternative formulations for
regulating residual net flux revealed that the formulation in
Equation 4 performs best in our current tests. Future itera-
tions could refine this approach to further improve solutions
in the upper atmospheric layers.

Comparing the FIRTEZ code, which integrates spectropo-
larimetric inversion with disambiguation, iteratively calcu-
lates geometric heights using the MHS model (Pastor Yabar
etal. 2019; Borrero et al. 2019, 2021; Borrero & Pastor Yabar
2023; Borrero et al. 2024). However, as noted by Vissers
et al. (2022), magnetic field structures in the lower solar at-
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mosphere derived from non-LTE and weak-field approxima-
tions tend to show relatively stronger fields than that from the
MHS model extrapolation, particularly for field strengths ex-
ceeding 300 G. Moreover, it is known that higher spatial reso-
lution and cadence observations reveal increasingly dynamic
structures at smaller scales (Berghmans et al. 2023; Kuridze
et al. 2024; Yadav et al. 2024). Considering the pioneering
work of Asensio Ramos & Diaz Baso (2019), where net-
works were trained on Stokes profiles generated from MU-
RaM simulations, applying such methods to real observa-
tions (Esteban Pozuelo et al. 2024; Kriginsky & Oliver 2024)
would require a large training dataset to encompass the vast
parameter space. This challenge is also a key focus of the
SPIn4D project, as outlined by Yang et al. (2024). However,
a model trained on MURaM inherently produces predictions
resembling MURaM simulations, limiting its adaptability to
real observations.

Recent advancements in PINN techniques have integrated
magnetograms from both the photosphere and chromosphere
(Jarolim et al. 2024a). This approach enables estimation
of the chromospheric surface height relative to the photo-
sphere through optimal fitting with a non-linear force-free
field (NLFFF) model of the 3D magnetic field. The method
assumes a flat photospheric plane and zero Lorentz force.
While NLFFF models are extensively used to investigate the
3D magnetic field in the solar atmosphere, their validity in
regions with weaker magnetic fields remains under debate.
Furthermore, higher spatial resolution has revealed more dy-
namic phenomena, challenging the force-free assumption.
Alternatively, the SICON method (Asensio Ramos & Diaz
Baso 2019; Esteban Pozuelo et al. 2024; Kriginsky & Oliver
2024) predicts height based on the training dataset, a focus
emphasized in the primary goal of SPIn4D project (Yang
et al. 2024). In contrast, the HDD approach provides a
dynamic-state-independent framework for reconstructing the
3D lower atmosphere. It primarily relies on highly accurate
transverse magnetic field data from precise linear polariza-
tion observations and remains effective even with very small
datasets, offering a significant advantage in practical applica-
tions.

In comparison to previous works that estimate geomet-
ric heights based on traditional 1D Stokes inversion results
(Puschmann et al. 2010; Loptien et al. 2018, 2020), the Wil-
son depression at each pixel was treated as a free parameter
within a merit function minimization framework. These ap-
proaches are constrained by high degrees of freedom (DOF)
and the limitations of non-convex optimization techniques.
In the updated version (Loptien et al. 2018, 2020), they
considered the divergence-free condition only and utilized
Fourier space, discarding high-frequency signals and con-
sequently losing small-scale structural details. This led to
smoother outcomes compared to our method. Using modern
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ML techniques and advanced optimizers, our approach effi-
ciently searches for local minima in high-DOF optimization,
preserving finer structural information.

In addition to the high DOF associated with representing
the geometric height at each pixel as a floating-point number,
the ambiguity problem introduces two possible orientations
per pixel. For a grid of approximately 100 x 100 x 30 pix-
els, this results in 23x10% ~, 10107 possible combinations.
For real observations with grids up to 1000 x 1000 x 30, the
choices expand to 23x10" ~ 10197, To handle realistic ob-
servations, the input data can be scaled by increasing the in-
put patches, enabling this PIML method to address DOFs ex-
ceeding 10°” while accounting for the additional complexity
of predicting the geometric height for each pixel.

4.4. Vector Electric Current in 3D Atmospehre

Our method accurately captures both the morphology (Fig-
ures 12, 13, and 14) and magnitude (Figure 15) of elec-
tric currents, with predictions closely aligning with ground
truth values, the rebinned noisy test presents a similar results
(Figure 23). Notably, the accuracy is highest in lower opti-
cal depth layers where the magnetic field strength is greater,
leading to a more reliable transverse field disambiguation.
At higher atmospheric layers, some smoothing is observed,
likely due to the loss function’s emphasis on strong-field re-
gions as mentioned in Section 4.3. Overall, these results
demonstrate the model’s capability to reconstruct vector cur-
rent structures accurately while also indicating areas where
dynamic events might happen.

The electric current distributions reveal valuable insights
into magnetic structures and dynamics across various solar
regions. Measuring electric currents in the solar atmosphere
is essential for mapping magnetic fields and understanding
their behavior, particularly within sunspots and active re-
gions. Spectropolarimetric inversion techniques reveal com-
plex magnetic structures, with currents varying in strength
and orientation, indicative of the twisting and torsion within
sunspots. Such variations imply that field-aligned currents
are rare, suggesting that sunspots deviate from a force-free
state (Socas-Navarro 2005b,a). High-resolution data from in-
struments like SPINOR, which captures Ca II and Fe I lines,
underscore the importance of detailed current density map-
ping to improve our understanding of solar magnetic pro-
cesses.

Understanding electric currents in the photosphere and
chromosphere is critical to theories of magnetic energy dis-
sipation. Observations show filamentary current structures at
chromospheric heights, often extending vertically as sheets
near boundary regions like the umbra-penumbra interface
(Tan 2007; Anan et al. 2021). This filamentary organiza-
tion suggests a connection to chromospheric heating, though
the underlying mechanisms remain complex. The observed
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weak correlation between current density and temperature
(Socas-Navarro 2005b,a) highlights the intricate dependen-
cies in energy transfer processes, further emphasizing the
need for precise current density measurements. Such kind
of sheet-like electric current structures are also presented in
our test dataset (shown in Figures 12, 13, 14), which can be
reconstructed by this novel method, HDD.

Advanced inversion methods, such as those by Puschmann
et al. (2010) and Borrero & Pastor Yabar (2023), often
incorporate MHS assumptions, balancing magnetic, pres-
sure, and gravitational forces to estimate current densities
in regions where force-free conditions do not apply. How-
ever, MHS methods have limitations, particularly at greater
heights where pressure forces are weaker, which affects cur-
rent structure accuracy. Understanding these constraints en-
ables a more accurate interpretation of solar atmospheric
data, especially when working in upper layers. It is worth
noting that directly comparing the electric current predictions
from the FIRTEZ code with ours is not entirely appropriate,
as their approach also includes inversion from Stokes pro-
files, which introduces additional limitations in the weak field
region.

Accurate current measurements not only enhance struc-
tural understanding but also inform broader theories of en-
ergy transport within the solar atmosphere. Electric cur-
rents contribute to the formation of magnetic flux tubes, cur-
rent sheets, and structures related to solar flares and erup-
tions. Observations of magnetically driven substructures in
the chromosphere, such as polarity inversion lines (Vissers
et al. 2022), illustrate the fine-scale magnetic complexity that
currents produce. The MHS assumption tends to smooth out
these substructures compared to direct observations, demon-
strating the value of both observational and theoretical ap-
proaches for a comprehensive understanding of solar activity.

Moreover, our method facilitates the derivation of a dis-
ambiguated vector magnetic field in the real 3D lower so-
lar atmosphere, allowing for direct computation of the vec-
tor electric current, essential for understanding events driven
by magnetic energy dissipation (da Silva Santos et al. 2022).
The results shown on the vertical slices in Figure 12 clearly
show the capability to reconstruct the current sheet-like struc-
ture in the lower photosphere, however, the existence and
properties of those sheets in photosphere are unclear and less
explored in the real observations.

4.5. Lorentz Force in 3D Atmospehre

Using the 3D disambiguated vector magnetic field and
electric current, we calculate the Lorentz force as F =
J x B = (V x B) x B, omitting the constant ¢/4r. Fig-
ures 16, 17, and 18 compare the predicted Lorentz force with
the ground truth, showing their distribution at log,;, 7 = —1
and vertical slices through the center of the test datasets.
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They exhibit a strong morphological agreement. Moreover,
the magnitude comparison is shown in Figure 18, suggesting
the good alignment across around 6 orders in plage regions
and quiet Sun, while the Sunspot presents a range of four or-
ders. The Pearson correlation coefficient of the logarithmic
absolute values of each component in plage and quiet Sun
demonstrates high accuracy, with a minimum of 0.96 for F'z
of plage region. Compared with the quiet Sun and plage re-
gion, the Sunspot region shows a slightly lower correlation,
it remains 0.89.

Our method provides a direct way to measure the 3D dis-
tribution of the Lorentz force quantitatively in the lower
solar atmosphere. In many cases, the NLFFF is widely
used to model the solar coronal magnetic field by using the
photospheric or chromospheric magnetic field as the bot-
tom boundary (Wiegelmann & Sakurai 2021, and references
therein). The photospheric magnetic fields do not follow the
force-free condition exactly, but the chromospheric magnetic
field seems to follow the force-free condition (Metcalf et al.
1995). Unfortunately, chromospheric magnetic field mea-
surements are limited. Many data analyses depend on the
force-free assumption, like the twist distribution is usually
estimated by the force-free parameter, o« = .J, /B, (Wheat-
land 2000; Liu et al. 2014) and energy estimation based on
MHD virial theorem (Low 1982; Wheatland & Metcalf 2006)
that assume the Lorentz force is confined to a thin layer
near the photosphere. Those assumptions are not fully in-
vestigated in the 3D high spatial-resolved observations. As
noted by Socas-Navarro (2005b), electric currents and mag-
netic fields are generally not aligned, indicating non-force-
free conditions, a key insight for modeling dynamic solar
processes. The conventional method to check the depar-
ture of the force-freeness condition of magnetograms usually
comes from the net Lorentz force from a surface integral of
the Maxwell stress tensor (Low 1985; Zhang & Zhang 2023).
Considering the surface integral over the corrugated optical
depth layers, the final results from ours are expected to pro-
duce an additional contribution from the strong field region,
specifically the edge of the strong field region (see Figures
16, 17, and 18), where the previous measurements are lim-
ited. In addition to the distribution, Figure 19 demonstrates
the strong alignment of the Lorentz force magnitude. The
comparison results for the rebinned noisy dataset, shown in
Figure 24, reveal a satisfactory agreement with the prediction
as well.

Apart from the Lorentz force linked to the steady evolu-
tion of magnetic fields, some magnetic imprints have been
observed in response to sudden solar eruptions (Wang et al.
2002; Liu et al. 2012, 2016, 2018; Sun et al. 2017; Xu et al.
2018). These imprints may be attributed to the downward
counterpart of the coronal Lorentz force that accelerates the
eruption, acting to conserve momentum (Hudson et al. 2008;
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928 Fisher et al. 2012), or a large-amplitude shear Alfvén wave
929 propagating down from the corona (Wheatland et al. 2018).
o0 However, the mechanisms driving these changes remain un-
931 der debate, particularly phenomena like sunspot rotation dur-
o2 ing flares (Liu et al. 2016) that whether a strong Lorentz force
933 1S responsible, e.g., how can a tail wags the dog (Aulanier
o3¢ 2016). The HDD method offers a potential approach to in-
935 vestigating the evolution of such forces, particularly when
93 combined with high-SNR observations.

937 5. SUMMARY

938 In summary, this innovative method offers a new approach
939 t0 post-process inversion results from spectropolarimetric
s0 Observations by leveraging PIML. Its key features are as fol-
941 lows:

942 1. The method integrates UNet3D with physical laws,
943 utilizing finite numerical techniques in a custom loss
944 function for accurate modeling.

es 2. It enables simultaneous disambiguation of the vector

946 magnetic field and reconstruction of the lower solar at-
947 mosphere’s geometry. This requires highly accurate
948 magnetic field inversion across multiple optical depth
949 layers with high spatial resolution.

950 3. The method allows for the derivation of the 3D vec-
951 tor electric current distribution using Amepre’s law,
952 achieving a high correlation with ground truth values.

os3 4. Training is somewhat time-consuming, while can be

ss6  Although tested on simulated data, the model’s adaptabil-
957 ity suggests it could be retrained for real observational data,
accounting for potentially different data patterns. Since itis a
959 “self-supervision” property, it can solve the problem specifi-
90 cally from each new dataset, effectively operating as a learn-
91 able PDE solver. Additionally, its weight values can be ad-
962 justed to optimize performance across diverse datasets. Fu-
963 ture enhancements could include incorporating time-series
9s4 data to strengthen its capabilities further.
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970 APPENDIX

o7t A. MODEL PERFORMANCE ON UNSEEN DATA

o2 The HDD model can be regarded as a learnable PDE solver capable of learning patterns from data to solve the divergence-
o3 free equation. To evaluate its learning capabilities, we applied the model to an untrained dataset. The results are presented in
o7+ Figure 20. The training data is enclosed within the black dashed boxes, while the margin region represents areas where the
o975 equation is not explicitly solved but instead handled directly by the trained network.

o7 The predicted azimuth angle and geometric height are compared with the ground truth. The results demonstrate that the trained
o77 data aligns well with the ground truth, while predictions for the untrained data also provide reasonably accurate solutions. This
o8 highlights the model’s capacity to generalize beyond its training domain.

079 B. MODEL PERFORMANCE ON NOISY DATA

s0 To evaluate the performance of the HDD code under realistic observational conditions, we conducted tests using noisy rebinned
1 data. Gaussian noise with a standard deviation of 10 G was added to the quiet Sun and plage region datasets, and 100 G to the
92 sunspot dataset. The original data were then rebinned by 2 X 2 to mimic the spatial resolution of DKIST, resulting in spatial
sss resolutions of dx = 32 km for the quiet Sun and plage, and dx = 64 km for the sunspot regions (while DKIST is capable
s« Of observing sunspots at much higher resolutions, these values represent a typical resolution range for the dataset used here).
sss To simulate observational data processing, a 3D median filter with a kernel size of 3 x 3 x 3 was applied before running the
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HDD code on the dataset. In order to handle the uncertainties of the transverse field, we modify the magnetic field regulation
(Equation 2 and Equation 3).

— B2

max{(B?c,pred + B;,pred - B2 y,input)

x,input

Bi,input + B57pred + 108

7 - le,ermo}

) (B1)

lossp, =mean(

maX{(Bx,predBy,input - By,prede,input)2 - Eparalleh 0})
‘Binput|2 + 1078 ’

l08Sparaller = mean( (B2)
where B, .., is the uncertainties of transverse field, i.e., 10 G for the quiet Sun and plages, and 100 G for the sunspot. The error
of the parallelization is formulated as Epqrqiier = max{ Eparaliel,1, Eparaliet,1}> Where

2
Eparallel,l = ((Bac,input + Bt,err)By,input - (By,z'nput - Bt,err)Bm,input) )

Eparallehl = ((Bm,input - Bt,erT)By,input - (By,input + Bt,err)Bx,input)2-

The recovery rates for each case are illustrated in Figure 21, showing that the azimuth angle orientation is accurately recovered
when the transverse field is strong. However, due to the applied noise and median filter, the processed azimuth angle does not
perfectly align with the ground truth, particularly in weak field regions. This misalignment results in a more diffuse distribution
of the angle difference, A® = ®,,,.cq — Ptrye, compared to Figure 11. Despite a noise level of 10 G, the recovery rate in both the
quiet Sun and plages remains close to 80% at 20 G. The quiet Sun exhibits better performance than the MEO method, while both
methods show comparable results in the plages. In the sunspot case, where noise levels reach approximately 100 G, the HDD
results indicate a correct recovery rate exceeding 80% for approximately | B;| > 300 G. Overall, the recovery performance under
noisy, low spatial resolution conditions is less than the results obtained from high-resolution datasets presented in Section 3.

The comparison between predicted and true geometric heights in noisy cases is shown in Figure 22. While the Pearson
correlation coefficients are slightly lower than those from less noisy, high-resolution datasets, they still exhibit a strong correlation
with the ground truth. Similar trends are observed for the associated electric current (Figure 23) and Lorentz force (Figure 24),
where the correlations, though weaker than in the ideal noise-free scenarios presented in Section 3, remain sufficiently high to
demonstrate the reliability of the HDD method and its applicability to real observations.
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